ABSTRACT Phenotypic plasticity and canalization are important topics in quantitative genetics and evolution. Both concepts are related to environmental sensitivity. The latter can be modeled using a model with genetically structured environmental variance. This work reports the results of a genetic analysis of adult weight in the snail Helix aspersa. Several models of heterogeneous variance are fitted using a Bayesian, MCMC approach. Exploratory analyses using posterior predictive model checking and model comparisons based on the deviance information criterion favor a model postulating a genetically structured heterogeneous environmental variance. Our analysis provides a strong indication of a positive genetic correlation between additive genetic values affecting the mean and those affecting environmental variation of adult body weight. The possibility of manipulating environmental variance by selection is illustrated numerically using estimates of parameters derived from the snail data set.
P HENOTYPIC plasticity and its counterpart, phenoand the environment, can be described by including a typic stability, are concepts related to environmental genetic component in a regression model, i.e., using a sensitivity and play important roles in mechanisms so-called reaction-norm model (see, e.g., Gavrilets and linked to adaptation and evolution (Falconer and Scheiner 1993a,b) . The second definition of environMackay 1996; Roff 1997). Important questions from mental sensitivity gives rise to a model for residual variaa breeding point of view are related to performance of tion. Given the genotype of an individual a certain value plants or domestic animals under either homogeneous of the phenotype is expected. In practice the observed environments (often associated with intensive producphenotype differs from the expected phenotype and tion systems) or a wide range of environmental condithis deviation may be attributed to the sum of influences tions. The latter are often low-input production systems.
of all the environmental conditions that the individual From an evolutionary point of view, one is interested has been exposed to from the time of conception. The in understanding the processes by which organisms deviation is then modeled as random residual noise, adapt and genetic variation is maintained in complex, whose variation may be a function of covariates and of temporally or spatially changing environments. a genetic component. In this model, different genotypes Environmental sensitivity can be defined either as confer a difference in both mean and residual (or envimean phenotypic changes of a given genotype in differronmental) variation. ent environments or as differences in the residual variSeveral experiments have been conducted to eluciance of different genotypes in the same environment date whether environmental sensitivity is under genetic (Jinks and Pooni 1988) . These two definitions give rise control. In the context of phenotypic plasticity/stability to two different genetic statistical models. In the first Waddington (1960) , for example, demonstrated that one, the phenotypic expression of a particular genotype it is possible to select for phenotypic stability toward is assumed to depend on the type of environment the different temperature environments. Specifically, Wadindividual is exposed to. One typically has specific types dington (1960) selected for number of eye facets in of environment in mind, for example, low and high bar-eyed Drosophila mutants in two rearing environtemperature. Then the phenotypic plasticity of a genoments: 18Њ and 25Њ. Unselected individuals reared at 18Њ type, defined by the relationship between phenotype had 182% more facets than those reared at 25Њ. Selection for stability to variations of the environment was performed by splitting each family in two (one part 1 pick than smaller ones. The pedigree file includes 22, 454 After five generations of selection the difference in mean individuals.
number of eye facets in the two environments was re- is Gaussian, the number of heterozygous loci (Lerner 1954; Lewontin 1964; Zhivotovsky and Feldman 1992 ). An exten-
sion postulates that a finite number of loci have pleiotro-
) is a diagonal matrix with diagonal entries pic effects on the mean and variance (Gavrilets and ual variability.
The genetic effects (aЈ, a*Ј) are assumed to be Gaussian,
In this article we report results of an analysis of adult weight in a nonlaboratory species, the snail Helix aspersa. 
al. (1998), based on earlier work of Foulley and Quaas
The vectors p and p* contain box effects on body weight and (1995). Maximum-likelihood inference for this model log-variance, respectively, and are assumed to be independent is highly intractable. Instead we implement a Bayesian with inference using Markov chain Monte Carlo (MCMC) as The phenotypic variance is the variance of the conditional The definition of sexual maturity was the standard one based distribution of y i given b and b*, and the heritability parameter on judging whether the peristome (edge of the aperture of h 2 is the usual ratio of additive to phenotypic variance. Under the shell) was reflected. A sexually mature snail weighs 10 g model 4, these parameters are on average with an empirical standard deviation of 1.8 g and is 8-20 weeks old. 
chosen from 30 families, with an equal number from each family. Mating among the 120 snails was at random, with the respectively, where (Xb*) i is the ith row of Xb*. The paramerestriction that full-sibs were not allowed to mate. Even though ter h 2 features in the response to selection for the mean of the 120 parents should have been randomly chosen with rethe trait (Sorensen and Waagepetersen 2003). The third spect to weight by design, a slight positive trend was detected (not shown), presumably because larger snails are easier to central moment is Genetic Control of Plasticity
The conditional distribution of y i given b and b* therefore has negative, zero, or positive skewness,
depending on whether is negative, zero, or positive.
In our statistical analysis we use the Bayesian approach described in Sorensen and Waagepetersen (2003) . A priori b and b* were assigned normal distributions with zero mean vector and diagonal matrix with very large diagonal elements. The variance parameters 2 a , 2 a* , 2 p , and 2 p* were assigned scaled inverted chi-square distributions and was assigned a uniform prior bounded between Ϫ1 and 1. Posterior distributions are computed using the MCMC algorithm proposed by Sorensen and Waagepetersen (2003) , where further details concerning the model and its implementation can be found. Briefly, the vector b was sampled using a Gibbs update, and the vectors (aЈ, a*Ј) and (pЈ, p*Ј) were reparameterized with the intention of reducing their posterior correlation and sampled subsequently using Metropolis-Hastings with LangevinHastings proposals. The vector b* was sampled using Metropolis-Hastings with a Langevin-Hastings proposal as well, and the log-variance components and the correlation coefficient were sampled using Metropolis-Hastings with random-walk proposals.
In the rest of the article, the residual variance, that is, the variance of the conditional distribution of the data, given the parameters and the model, is interpreted and referred to as the environmental variance. Figure 1A shows a histogram of the 22,033 residuals obtained from a least-squares analysis, accounting for generation effects and for egg-laying pattern. The histogram displays a heavy tail to the right, which is indicative of a positive genetic correlation under the San Cristobal- Gaudy et al. (1998) model, cf. (5) and (6) .
RESULTS
To give an idea of the effective population size, aver- Table 1 . One is the rather high proportion of additive genetic variation at the level of the mean exp(b*) based on model 1 are 0.003 and 1.00, respectively (not shown in Table 1 ). For models 2-4, the paof the trait. Thus, under model 4 the posterior mean/ credibility interval of h 2 ϭ 0.63 (0.59; 0.68) for generarameters b* egg and b* 1,11 are, respectively, the effects on the log-environmental variance of moving from level 1 to 2 tion 11 and level 2 of egg. For generation 1 and level 2 of egg we obtain 0.51 (0.48; 0.55). Under model 1, for the egg factor and from level 1 to 11 for the generation factor. The estimates of the posterior means for the the numbers are 0.53 (0.46; 0.58). The result under model 1 is in agreement with that in Dupont-Nivet et various components of variance are fairly stable across models, perhaps with the exception of 2 a that shows an al. (1997) . The other interesting observation pertains to whose posterior mean of 0.81 and rather tight increase in going from model 1 to 2 and 2 p* that decreases going from model 3 to 4 (the latter is to be credibility interval disclose a large positive additive ge- The four models fitted are compared using the deviConditional on parameters and random effects we deance information criterion (DIC), recently proposed by fine averaged squared standardized residuals, Spiegelhalter et al. (2002) . Briefly, the DIC is a measure that combines the fit of a model with its complexity,
, j ϭ 1, 2, . . . , 10, (7) where the latter involves the number of parameters.
Smaller values indicate a "better" model. The Monte Carlo estimates of the differences DIC i Ϫ DIC 1 are where m I j is the number of observations with a i ʦ I j and Ϫ1629, Ϫ5327, and Ϫ5692, respectively, where The plots of posterior realizations of u vs. corresponding model 4 was checked by plotting posterior realizations posterior realizations of a in Figure 4 give further supof u vs. those of a (see Figure 4) . The lack of systematic port for a lack of systematic relation between the values relation between the values of u and a does not lead to of u and a.
questioning the adequacy of the exponential relationship. Second, the model comparisons based on the DIC DISCUSSION criterion (Spiegelhalter et al. 2002) favored model 4. Third, the posterior distribution of 2 a* and of the geThis work provides evidence that environmental varinetic correlation are shifted a long way from zero (see ance for adult weight in the snail H. aspersa is partly Figure 3A and Figure 2B ). In particular, Figure 2B must under genetic control, as postulated by model 4. This be seen in connection with Figure 3A . Indeed, the posteconclusion is supported, first, by the posterior predictive rior analysis indicates that additive genetic values affectmodel-checking study. We constructed discrepancy staing environmental variance are strongly, positively cortistics specifically designed to test for genetically strucrelated (posterior mean of ϭ 0.81, see also Table 1 ) tured variance heterogeneity, and the test was positive with those affecting mean adult weight. (see Figure 2A) . Further, the validity of the functional form of the mean-variance relationship postulated by
According to the inferred model 4, the genetic contri-Genetic Control of Plasticity square-root-transformed data and a negative for the log-transformed data. This result can be explained by mean equal to 0.29 leads to an a priori 95% confidence interval for a component of a* ranging from Ϫ1.06 to employing a Taylor series expansion to approximate the variance of the transformed data. Choosing between 1.06. This corresponds to a ratio exp(1.06)/exp(Ϫ1.06) ϭ 8 between the environmental variances for components the different transformations may be viewed as a model selection exercise. According to the DIC, the best fit is of a* in the lower and upper ends of the confidence interval.
obtained using the untransformed data. The possibility of manipulating environmental varia-A referee raised the important point of whether the simple model 1 might be appropriate for log-transtion via selection, conditionally on the inferred parameters of model 4 and the data, can be studied as follows. formed data since the log-transformation is often used to remove variance heterogeneity. Indeed, one might Consider directional selection of, for example, 240 snails out of the initial 2195 snails available in the data. even consider the whole class of Box-Cox transformations (Box and Cox 1964), which is commonly used
The maximum possible (negative) response in the environmental variance is obtained when selection is based for analysis of positive-valued data. The study of the interplay between variance heterogeneity and possibly on the smallest ranking posterior means of the additive genetic values affecting environmental variation (i.e., heavy-tailed sampling distributions is a research project in its own right. We here confine ourselves to considerthe smallest ‫[ޅ‬a*|y]), disregarding the posterior means of the additive genetic values controlling mean adult ing the results of fitting model 4 to log-and squareroot-transformed data for which residuals from leastweight (i.e., ‫[ޅ‬a|y]). The change in ‫[ޅ‬a*|y] translates into a reduction of the environmental variance of 43%, squares analyses were heavy tailed to the left and close to symmetric, respectively. The posterior distributions with a correlated reduction in the mean adult weight of ‫.%31ف‬ We may alternatively consider a restricted means of selection. However, they do not carry the same strength of evidence as that provided by a well-designed index I ϭ a* ϩ ka with k chosen so that Cov(a, I) ϭ 0. Then, upon replacing the unknown quantities with their selection experiment. To the best of our knowledge, such an experiment has not been reported; it would be a posterior means, selection based on I should leave mean adult weight approximately unchanged (a more refined welcome contribution to the literature on this important topic. criterion of selection would involve using the posterior mean of the index, computed via MCMC). Selection of the 240 snails on this index generates a change in LITERATURE CITED ‫[ޅ‬a*|y] that translates into a reduction in environmental variance of 22%. If the same exercise is carried out
